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Introduction

In clinical trials with binary or continuous outcomes:

crossover design more efficient than parallel design
part of the inter-subject variability is eliminated.

but rarely used with right-censored survival data e.g. Senn(2006)
“... survival analysis, for which crossover trials are unsuitable, but
for re-occuring events they may be applied.”.

Statistical basis

Case study: HIV prevention trials

many failed studies with lacking power
large heterogeneity in risk behavior → crossover?

2/24



Two parallel HIV prevention trials

Research on Microbicides

Biomedical application per vaginal act → no carry-over effect

Cellulose sulfate trial (2008)

Aim: to assess the effectiveness of 6% cellulose sulfate gel in
preventing male-to-female vaginal transmission of HIV
Results: HR=1.61 (95%CI [0.86,3.01])

Nonoxynol-9 trial (1992)

Aim: to determine the efficacy of the nonoxynol 9 contraceptive
sponge in preventing sexual acquisition of HIV
Results: HR=1.7 (95%CI [0.9,3.0])
baseline hazard=0.264 per year
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parallel and crossover trial with equal total duration

crossover: switch treatment ‘halfway’ through the study

limitation: fail in first period → no crossing over
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Heterogeneous population

individual hazards λi follow e.g.
exponential distribution with mean λ

within subject comparison may be beneficial

mean baseline hazard=0.3 per year, hazard ratio=1.5, follow-up
time=10 years
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(Weighted) logrank test

Constant conditional hazard ratio

⇓

Marginal hazard ratio decreases over time → weighted logrank test

e.g. Peto-Prentice weights:

wi =
∏

j≤i

(

1 − dj

nj + 1

)

Empirical power to detect hazard ratio of 1.5 with sample size 500,
mean baseline hazard 0.3 per year, follow-up time 10 years

Logrank test Weighted logrank test

parallel design: 66% 72%
crossover design: 88% 83%
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Estimated treatment effect

Population of interest:

homogeneous ↔ heterogeneous

conditional model ↔ marginal model

time constant hazard ratio ↔ time varying hazard ratio

Working model for analysis:

Parametric model

homogeneous population
heterogeneous population

Semi-parametric model: heterogeneous population

Non-parametric estimator: heterogeneous population
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Simplest parametric model

Assumptions:

Failure times exponentially distributed

λ(t|R = r) = λr

A constant hazard ⇒ renewal property

Hazard ratio λ2
λ1

= ∆

A B

t1
t2

B A
t0

MLE
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Homogeneous population

A common constant baseline hazard ⇒ renewal process
⇒ it doesn’t matter if subjects are compared with themselves or

with another group of subjects

⇒ unlikely benefit from crossover design

Limited difference between crossover and parallel design:
number of subjects who enter the second period

slightly more efficient to assign at switch point largest group to the
treatment with higher risk.
⇒ lower risk group (largest group) → higher risk
⇒ crossover design slightly more efficient than parallel design

Difference basically negligible
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MLE - Heterogeneous population

individual hazards λi follow e.g.
exponential distribution with mean λ

within subject comparison may be beneficial

Solve MLE score equations by Newton-Raphson with starting values
λ0 and ∆0 from assumed homogeneous population
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Simulation results - Heterogeneous population

generated: 1000 datasets of size 2000
average baseline hazard λ = 0.3, ∆ = 1.5, log(∆) = 0.405

empirical mean empirical

mean estimated SE SE
√

MSE coverage

parallel design
λ 0.300 0.017 0.017 0.017 0.938
∆ 1.506 0.117 0.119 0.119 0.981
log(∆) 0.406 0.078 0.078 0.078 0.987

crossover design
λ 0.300 0.015 0.015 0.015 0.946
∆ 1.502 0.090 0.091 0.091 0.984
log(∆) 0.405 0.060 0.061 0.061 0.986

relative efficiency crossover design
parallel design

: 1.69
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Semi-parametric working model - Parallel design

True model: individual hazards λi follow exponential distribution with
mean λ and conditional hazard ratio ∆

= first working model : heterogeneous groups

λi (t) = λ0(t) exp(βZi + Bi ) with Zi =

{

0 treatment A

1 treatment B

exp(β) is the conditional hazard ratio

6= second working model: homogeneous groups
λ∗

i (t) = λ∗
0(t) exp(β∗Zi )

exp(β∗) is a weighted average marginal hazard ratio over follow-up
time
HRmarg (t) =

t+ 1
λ

t+ 1
λ∆
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Semi-parametric working model - Crossover design

True model: individual hazards λi follow exponential distribution with
mean λ and conditional hazard ratio ∆

= first working model: heterogeneous groups
λik(t) = λ0(t) exp(βZik + Bi ) k = 1, 2

exp(β) is the conditional hazard ratio

6= second working model: homogeneous groups
λ∗

ik(t) = λ∗
0(t) exp(β∗Zik) k = 1, 2

exp(β∗) is a weighted average marginal hazard ratio over follow-up
time

HRmarg (t) =







t+ 1
λ

t+ 1
λ∆

t ≤ t1
(t−t1)+

1
λ

+t1∆

(t−t1)+
1

λ∆ +
t1
∆

t > t1
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Simulation results - heterogeneous - Semi-parametric - WM

generated: 1000 datasets of size 2000
average baseline hazard λ = 0.3, ∆ = 1.5, log(∆) = 0.405
⇒ marginal hazard ratio in parallel design: 0.251
⇒ marginal hazard ratio in crossover design: 0.329
⇒ exp(Bi ) are exponentially distributed

time-averaged empirical mean empirical

HR design mean SE SE
√

MSE coverage

marginal Parallel 0.248 0.051 0.051 0.051 0.946
marginal Crossover 0.319 0.051 0.052 0.055 0.937

conditional Parallel 0.371 0.070 0.122 0.125 0.655
conditional Crossover 0.397 0.059 0.073 0.074 0.869
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Simulation results - heterogeneous - Semi-parametric - WM

generated: 1000 datasets of size 2000
average baseline hazard λ = 0.3, ∆ = 1.5, log(∆) = 0.405
⇒ marginal hazard ratio in parallel design: 0.251
⇒ marginal hazard ratio in crossover design: 0.329
⇒ exp(Bi ) are gamma distributed

time-averaged empirical mean empirical

HR design mean SE SE
√

MSE coverage

marginal Parallel 0.248 0.051 0.051 0.051 0.946
marginal Crossover 0.319 0.051 0.052 0.055 0.937

conditional Parallel 0.371 0.070 0.122 0.125 0.655
conditional Crossover 0.397 0.059 0.073 0.074 0.869

15/24



Non-parametric estimator of survival function

Wahed and Tsiatis (2004) present a Locally efficient non-parametric
Estimator (LE) for the survival function in two-stage designs.

In the crossover design, with deterministic crossing at t1, the LE
reduces to:

⇒ ŜAB(t) =
1

n

n
∑

i=1

∆i

K̂ (Ui )
I (Ui ≥ t)

with

∆i = I (Ci ≥ Ti )
Ui = min(Ti ,Ci )
K̂ (u) = 1

n

∑n

j=1 I (Cj ≥ u)
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Simulation results - Non-parametric working model

generated: 1000 datasets of size 1000
failure times exponentially distributed, average baseline hazard
λ = 0.3, ∆ = 1.5, crossover time=5

we estimate P(T > 7) = 32.26 % (parallel design, group A)
P(T > 7) = 29.41% (crossover design, group AB)

true value empirical mean empirical SE
√

MSE

parallel design
KM 32.26% 32.25% 2.14% 2.24%

crossover design
LE 29.41% 29.41% 2.06% 2.06%
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Cellulose sulfate trial

Parallel trial to assess the effectiveness of 6% cellulose sulfate gel in
preventing male-to-female vaginal transmission of HIV

sample size of 1398 and follow-up time of 1 year

λ̂0 = 0.0333 per year
HR=1.61, 95% CI [0.86,3.01]

Crossover with n=1398, FUT=1 year
Under our parametric assumptions:
⇒ 95% CI is expected to be [0.93,2.93]
⇒ still no significant effect of 6% cellulose sulfate gel ...
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Nonoxynol-9 trial

Parallel trial to determine the efficacy of the nonoxynol 9
contraceptive sponge in preventing sexual acquisition of HIV

sample size of 116 and follow-up time of 2 years

λ̂0= 0.264 per year
HR=1.7, 95% CI [0.9,3.0]

Crossover with n=116, FUT=2 years
Under our parametric assumptions
⇒ 95% CI is expected to be [1.086,3.517]
⇒ significantly negative effect of the nonoxynol 9 contraceptive sponge?
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Optimal crossover time point

So far: cross over ‘halfway’ through the study

Pitman efficiency: n1
n2

=
(

c2
c1

)2
with c the non-centrality parameter

of the test statistic

Relative efficiency (crossover design vs parallel design) versus
crossover time point (total study length: 10 years, mean baseline
hazard: 0.3 per year, conditional hazard ratio: 1.5)

Largest gain in efficiency with early (2 years) crossover

20/24



Discussion

heterogeneous hazards affect power calculation:
constant conditional hazard ratio → attenuating marginal hazard
ratio over time

parallel and crossover design equal follow-up time → we anticipate
no increase in drop-out

no carry-over effect assumed on hazard ratio

choice of change point needs to allow a suffient number of events in
both periods → marginal hazard influences optimal change point
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Conclusions

Compared to parallel designs, we find for crossover designs in
heterogeneous populations without carry-over:

logrank tests gain substantially power

more efficient estimation of the conditional hazard ratio when
assumed frailty model is approximately correct

more efficient indirect estimation of the marginal hazard ratio when
assumed frailty model is approximately correct
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Simulation results - Homogeneous population

data generating model = working model

1000 datasets of size 2000

parameters: λ = 0.3, ∆ = 1.5, log(∆) = 0.405

empirical mean empirical
mean estimated SE SE MSE coverage

parallel design
λ 0.301 0.0098 0.0100 0.0001 0.944
∆ 1.499 0.0681 0.0680 0.0046 0.984
log(∆) 0.404 0.0454 0.0454 0.0021 0.989

crossover design
λ 0.301 0.0103 0.0104 0.0001 0.949
∆ 1.496 0.0682 0.0688 0.0047 0.988
log(∆) 0.402 0.0455 0.0461 0.0021 0.990

Difference basically negligible
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